As the first step for biped robots to enter the human life, robust walking is a difficult problem to be solved owing to the various algorithms and practical engineering issues being involved. This paper studies the robust walking problem for humanoid robots by using the divergence component of motion (DCM) method based on linear inverted pendulum model. Firstly, we implement a DCM trajectory planning method to simplify the planning process. It calculates the DCM trajectories under the requirements of walking speed and initial state of the system. Then, a DCM feedback controller with anti-disturbance ability is proposed to realize the tracking control of the planned trajectory. Finally, the optimization method and DCM feedback control are integrated into a hybrid optimization controller, which takes into account the step adjustment and the step duration adjustment of the robot. Simulation results demonstrates that the technique can act naturally stable inside an enormous scope of effect unsettling influences, the maximum recoverable impact of a humanoid robots with a mass of 70Kg can reach 85Ns, which is much better than the 20Ns of the existing model-based prediction control method.
Leg movement is the basic function for robots to complete various advanced task, and it influences the dynamic balance of humanoid robots. Due to the complexities of its hybrid dynamics, however, the unidirectional constraints on the contact forces, the high dimensionality as well as the nonlinearity of robot general dynamics, the leg movement of robots is broadly respected to be a troublesome issue [1] . In literature, a common method to tackle such a problem is to use the overall dynamics of the robot to optimize the walking gait. However, the calculation of the dynamic equations requires tons of computational assets. Moreover, due to the possible The associate editor coordinating the review of this manuscript and approving it for publication was Zhonglai Wang. non-convexity of the optimization problem, the global minimum may not be guaranteed. Therefore, it is useful to simplify the overall dynamics process to a set of linear equations for real-time gait generation, and the linear inverted pendulum model (LIPM) [2] or its variant three mass linear inverted pendulum model (3M-LIPM) [3] have been applied in designing complex biped walking controllers. Specifically, based on a predefined zero-torque point (ZMP) [4] trajectory, Kajita et al. [5] proposed a ZMP predictive control to generate a center of mass (CoM) trajectory, while Wieber [6] improved the performance of this method under relatively severe thrust by recalculating the foothold in the Model Predictive Control (MPC) [7] framework. These predictions and optimizationbased trajectory planning methods use quadratic to process motion details. Since the linear model is simple, the problem VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ of linear quadratic programming (QP) was introduced. However, there are a lot of convenient tools for solving the application specific QP problems, most of them still suffer from the computational complexity and the limited anti-disturbance capabilities due to the limitations of the pre-requisites for predictive use, such as fixed stride distances or fixed stride times. Furthermore, these real-time gait generation methods [8] [9] [10] [11] based on MPC optimization directly generate the trajectory of CoM and the center of pressure (CoP), and the stable and unstable parts of LIPM are all involved in the calculation, resulting in a large amount of optimization calculation. So Takaneka et al. [12] decomposed the LIPM into a stable part (inertial link) and an unstable part, then introduced an intermediate variable -the DCM. In the trajectories planning calculation, only the unstable link is considered, and the DCM trajectory is generated according to the predefined footprint, CoM tracks DCM based on natural dynamics, which simplifies the gait generation algorithm. Prior to [12] , DCM was used by Hof [13] , in the name of the extrapolation quality center to explain human walking characteristics. Pratt et al. [14] named DCM as a capture point (CP) and used it as a break point that the robot should step on. Englsberger et al. [15] proposed a feedback control method that controls CoP in real-time to operate the DCM to track the planned trajectory. The controller responds very quickly to disturbances, but for a fully driven robot with a finite-size foot, the movement of the CoP is limited (the supporting polygon is ranged), so the disturbance suppression capability of the robot is also limited. While for a point-foot robots, it is impossible to operate CoP. Therefore, the DCM-based small-scale optimization control method is exceptionally appealing. For the stability problem of gait, one can get inspirations from the human beings. For example, when people are disturbed by small external disturbances, they can maintain stability by changing the position of CoP in the soles of the feet. While when people are largely disturbed, step adjustment is a more important tool for maintaining stability. This is because the next landing position in a relatively large area can be selected in the step. Even for point-footed with limited joint motion, there is a larger step adaptive region than the contact point in a very limited environment. Hence, Herdt et al. [16] and Diedam et al. [8] used predictive control to include the step distance into the optimization objective function, making the footsteps variable to generate both CoM and CoP trajectories while obeying the CoP constraints. Results showed that the generated walking mode is robust to unsettling influences, even with high level target tasks such as desired step position or walking speed. It is worth noting that all those methods have not considered the influences of step duration to the change of landing speed. In practice, however, the stepdistance adjustment contributes only to disturbance energy consumption, the step duration adjustment could help adjust the robot foot movement speed. Since the CoM trajectory is a nonlinear function of both the time and the initial conditions, in order to deal with non-linear optimization problems, many algorithms have been proposed in the literature [17] [18] [19] [20] [21] . Kryczka [22] and Aftab [9] proposed a solution that utilizes a nonlinear optimization technique to modify both footstep positions and step-timing in order to maintain dynamic stability during the robot walking process. Specifically, Aftab introduced a simple model of the mechanical cost in the objective function by penalizing the acceleration of the swing foot, while the acceleration can't anyway exceed a given maximum value. Kryczka rewrote the optimization objective to be a non-linear function of the optimization variables. Although satisfactory results have been achieved, the nonlinear optimization process introduced high computational costs, and cannot guarantee convergence to the minimum either.
With the influences of step-timing to the change of landing speed taken into account, this paper studies the on-line gait adjustment of humanoid robots. When there is a disturbance, DCM would have a large deviation from the planned trajectory, and thus, an optimized method is used to find the settled footing and stride time. The disturbed landing point and stride time are used as optimization variables to minimize the error between the stride distance and the nominal value, as well as the stride time and the nominal value. The mechanical structural constraints and stability conditions are used as hard constraints for small-scale optimization calculations without DCM tracking control. If there is no disturbance or the DCM deviation caused by disturbance is small, the trajectory of the DCM is then planned according to the target speed, and the real-time tracking control is performed to enhance the robustness of the gait. Fig. 1 shows the control flow of the whole gait adjustment process.
The main contributions of this study could be summarized as follows. First, we proposed a DCM trajectory planning method, which can quickly calculate the DCM trajectory according to the set speed and initial state, and does not need to pre-set the foothold sequence like Englsberger [23] . Second, according to the planned DCM trajectory, a feedback controller is designed, which can compensate for a certain range of disturbances by moving CoP during the walking process of the robot. Finally, in the case of large disturbances, we propose a hybrid controller based optimization. The controller can take both step timing and step distance into account, and actively change the preceding DCM planning trajectory.
The remainder of this paper is organized as follows. Section II reviews the background of DCM and presents the DCM trajectory planning method with target walking speed. In Section III, the DCM-based step distance and stride time optimization adjustment methods are studied, and then, the feedback control is combined to form a hybrid optimization controller. Simulation results and discussions are described in Section IV, while Section V concludes the paper.
II. THE GENERATION AND CONTROL OF STANDARD CONTINUOUS DCM TRAJECTORIES A. BACKGROUND
The actual biped is subjected to general forces in threedimensional space as shown in Fig. 2 . The CoM is only affected by gravitational force F g and external forces F ext . There are multiple F ext to maintain the stability of the robot, and the direction of external force on the legs is not necessarily along the CoP (point p) to the CoM (point x = (x, y, z)). The resultant force on the CoM is,
and
where x ecmp is the virtual intersection of F g and F ext in space, and K is the coefficient. In order to facilitate gait planning, we choose a special F ext . When there is no disturbance, the F ext always points to the CoM along the CoP, and the abstract equivalent of Fig. 2 (a) is Fig. 2(b) . Currently, x ecmp and p coincide,
For LIPM, Eq. (1) is then rewritten as follows:
here, b is the time constant of LIPM dynamics, ω is the natural frequency of LIPM. F g and F ext cancel each other vertically in order to makez = 0 and keep z − p z constant. When the LIPM is used for biped walking control, the ZMP is assumed to be equivalent to the fulcrum of the inverted pendulum. In real robots, due to the imprecision of the model, p usually deviates from the target point in the operation. If we plan a set of feasible p in advance and adjust attitude in real time, feedback tracking is a more feasible method.
Stephens and Atkeson [24] proposed an MPC gait adjustment method, which changed the p-point to achieve the goal of push recovery. If z(t) − p z (t) = z = const can be guaranteed in 3D space, and p z = 0, z = const, the DCM planning and control in the x, y direction can be applied to the z direction. That is to say
Here, ξ is the DCM, In addition, there iṡ
where ξ = ξ x ξ y ξ z T ,ẋ = ẋẏż T is the CoM speed. The DCM is defined as a point located at a certain distance in front of the current moving direction of the CoM. Then solving Eq. (6) can get,
after the end of the step timing T ,
In particular, if the CoM does not move in the z direction, the average speed during walking is not changed artificially, T does not change, and in the x-y plane.
can be obtained for the k-th step. As shown in Fig. 3 , 
B. GENERATION AND CONTROL OF DCM TRAJECTORY
Based on the above, the generation and control method of DCM trajectory is deduced, assuming that: the upper body of the robot does not rotate, and the change of angular momentum is 0.
It is known that the support foot p k of the k-th step and the target speed v x , v y , the maximum distance X max , Y max and the minimum step distance X min , Y min of each step in the x, y direction according to the mechanical structure are also known, and stepping time is bounded. then
It should be noted that Eq. (10) and Eq. (11) are effective for non-zero velocity. In the case where the velocity in one of the directions is zero, the inequality in that direction is ignored.
In order to make all the above inequalities tenable
where
where n is used to distinguish which foot is the supporting foot. n = 1 means the right foot, n = 2 means the left foot. hip indicates the natural width of the two feet when the robot legs are perpendicular to the ground. From Eq. (7), Eq. (9) and Eq. (16) get,
So,
Finally, the DCM planning trajectory of the current step is
The Fig. 4 shows the DCM planning trajectory in two walking states. By inputting the speed, the planning algorithm automatically finds the appropriate foothold and step time. The DCM can adjust the trajectory automatically by changing the walking speed. In order to make the DCM tracking the plan, we can design the following controller,
In this way, the real-time tracking of the DCM is guaranteed by controlling the change of the actual value of the DCM. Where K f is the coefficient. Combined with Eq. (5), the closed-loop state space equation can be written as,
The eigenvalues of this closed loop are −1/b and −K f , so the system is globally stable as long as K f > 0 and b > 0, then ξ (t) gradually converges to ξ plan (t). And by the Eq. (6), it can be deduced that the purpose of changingξ (t) can be achieved by changing the support point p.
Because ofξ we get
It use the real-time DCM feedback values ξ (t) and the planning values ξ plan (t) to change p plan , ξ (t) will gradually converge to ξ plan (t), and the K f determines the convergence speed.
C. THE ANALYSIS OF CONTROLLER PERFORMANCE
In the previous section, we proposed the DCM trajectory controller, which can maintain robustness in the presence of model errors or external disturbances. Fig. 5 shows the trajectory tracking of LIPM (with continuous double support stage [15] ) under external x-direction disturbance, without in Y direction. Between ξ i,ini and ξ i,end is the double support in the i-th step. The red and pink are the planned ξ plan and p plan respectively. The external force makes the actual value deviate from the planning. The control curve of the point p is shown as p c . By partial enlargement, it can be seen that the support point p (or ZMP/CoP) is constantly adjusted within a certain range. The real DCM gradually converges to ξ plan (t) after the disturbance is removed, without divergence.
However, the cost of DCM non diverging is that the location of the ZMP/CoP needs to be adjusted continuously. It can be inferred that if the disturbance is strong, the adjustment range of the ZMP/CoP will inevitably exceed the supporting polygon, causing the actual robot to fall. Therefore, the closed-loop controller designed has limited anti-disturbance capability. For disturbances recoverable by moving ZMP/CoP and compensating for the inaccuracy of LIPM, the controller has a good practical effect. But if we want to further improve the stability of the system, it is necessary to adopt the step adjustment method used by the human.
III. ADAPTIVE STEP BASED ON DCM
Next, we find an optimization method that satisfies the constraints and dynamically adjusts the LIPM's stride distance and step duration. In each control cycle, an optimization solution is performed using the actual feedback of the DCM in order to make the dx, dy, stride distance and stride time as close as possible to the nominal value.
A. OBJECTIVE FUNCTION
By solving the (6), we can get
Because of
where p is the step distance, its component in the x direction is X , and the component in the y direction is Y , We can take VOLUME 7, 2019 the objective function as
where X (t), Y (t) is the optimal step distance in the x, y direction calculated at time t, d x (t), d y (t) is the offset of DCM. And
The planned values in the previous section are able to meet the input speed requirements. In the case of external disturbances, the speed deviates from the expected value. The stride distance also deviates from the plan. It is worth noting that d x , d y should not deviate from d x,nom , d y,nom , because they determines the stability of the system. Therefore, it is necessary to impose greater weight on these two items to ensure d = d nom , and then return to planning through one step adjustment. However, for larger disturbances, d = d nom may not be guaranteed. This will require multiple steps to converge the speed to the desired value.
B. CONSTRAINTS
In order to enable the system to travel at a set speed while meeting the physical and mechanical constraints, and to ensure stability, it is necessary to impose constraints on the above objective function.
Inequality constraint
where d x and d y is the maximum offset of d in the x, y direction. And τ (t) = e ωT (t) . In particular, it is also necessary to set τ (t) > e ωt , which is
It shows that the step timing has not yet reached at tmoment, and the walkers have time to adjust.
Equality constraint The optimization variables need to satisfy Eq. (27) at all times in the control process, eliminating '(t) , and further obtaining,
In summary, the optimization process is transformed to satisfy constrained inequalities (30), (31) and equality (32) to minimize the objective function J (t). 
C. HYBRID OPTIMAL CONTROL STRUCTURE
In Sec. 2, planning-based CoP adjustment strategy is found by using ξ (t) and ξ plan (t). In Sec. 3.1 and 3.2, a step adjustment strategy without planning is found for larger disturbances.
In this way, in the case of undisturbed, the feedback tracking control can be used to compensate the error caused by the inaccuracy of the model, and the planning can be accurately tracked. The small disturbance also has certain robustness. If the DCM deviation from the planning caused by disturbance exceeds the threshold, that is, ξ plan − ξ ≥ ξ . Here ξ indicates the tolerant deviation between DCM and planning, then cut into optimization, abandon the DCM planning, make DCM move freely. The block diagram of the entire control structure is shown in Fig. 6 .
In the closed-loop tracking control, 'Mapping' in Fig. 6 refers to ZMP/CoP controller, inverse dynamics or inverse kinematics, which can be similar to the method in [25] or other ZMP/CoP or torque controller [24] , [26] [27] [28] . In the optimization loop, it refers to the inverse kinematics solution based on X , Y , and T , to find the angle of the joint that acts on each joint. In particular, if DCM is free motion in the optimization loop, the trajectory of the swing foot needs to be generated by cubic or quintic spline interpolation to achieve the desired value after the designated landing point and step timing of the swing foot at the end of a step. Since the next footprint and step timing can be changed during each control cycle, this process should be performed in real time. In fact, the trajectory of the swing foot should be regenerated every control cycle to smoothly connect the desired swing foot state in the previous control cycle to the desired state at the end of the step
IV. RESULTS AND DISCUSSIONS
This section will simulate and analyze the advantages of the proposed hybrid control method for multiple scenarios. Firstly, the effect of DCM feedback tracking control without disturbance (or small disturbance) is simulated to illustrate the necessity of feedback tracking control.
Next, a large external disturbance force is applied to observe the action of the feedback tracking control, which shows the limitation of the feedback tracking control only. Finally, a large external disturbance force is applied to the hybrid controller to observe the actual DCM trajectory.
The biped robot used in the simulation is shown in Fig. 7 . It is a fully hydraulic-driven robot with a total of 10 degrees of freedom. Each leg has three degrees of freedom (pitch, roll, yaw) on the hip joint, and one pitch DoF on the knee joint and the ankle joint respectively. An angular displacement sensor is installed on each joint. One end of the piston rod of the hydraulic cylinder is equipped with a tension pressure sensor, which can complete the closed-loop of position and force/torque. ISU units are installed on floating base coordinates. The description of the robot is shown in Table 1 , and the specific structural parameters are shown in Table 2 .
A. DCM FEEDBACK TRACKING CONTROL SIMULATION
This scenario shows the effect of feedback control for small disturbances. The support point p k is located in the geometric center of the support foot. The robot's walking speed in the x direction is set to be 0.5m/s, and the walking speed in the y direction is 0.0m/s. The ideal ZMP and DCM trajectories with double supports can be found through the research contents of Sec. 2. In fact, even in the case of no disturbance, if we simply open-loop replay programming ZMP (p plan ) trajectory, then at least after a period of time, instability will still be observed, since a). there are numerical imprecisions (numerical integration...) and b). the DCM has an unstable dynamic. Furthermore, LIPM will diverge faster if there is disturbance.
The effect of the controller under small disturbances has been shown in Fig. 5 above. For larger disturbances, 142N force is applied in the positive direction of x for 0.2s from 1s. The range of disturbance force in space is shown in the yellow shadow range in Fig. 8 . It can be seen that the external force begins in the double support stage, and ZMP drifts rapidly. Especially in the single support stage, ZMP has gone beyond the support polygon. In practice, this is precarious. Step location is limited to a rectangular area and the time of stepping is limited with a minimum time (TABLE 2). The system is able to recover from the push by making fast steps on the boundaries of feasible area and continues its walking.
B. HYBRID OPTIMIZATION CONTROLLER SIMULATION
For the above problem, the large disturbance is still applied, and the double support phase is not considered (that is, the ZMP (p plan ) trajectory is discrete point), and the hybrid optimization controller is connected. During the third step, an external force of 176N is applied in the positive direction of the x and lasts for 0.2s. It is worth noting that in order to ensure that there is still d = d nom after the end of the step, it is necessary to impose a larger weight on d x , d y . Then a fixed small disturbance is applied in the positive direction of x, y during each step, and the spatial disturbance range is shown by the yellow shade in Fig. 9 to observe the action of the hybrid controller.
It can be seen that the footstep of the third step robot has made a large adjustment. At this time, the robot does freely swing because there is no feedback control. A large offset of DCM occurs, but due to the optimization adjustment, the position of the swinging foot of the robot also appeared in a wide range of movements, completing its recapture [29] . After the end of the step, d x , d y is still equal to the nominal value, so it can keep on running as arranged. It is only necessary to adjust all the physical quantities back to the plan by one step. The DCM in the x, y direction is shown in Fig. 10 . The step time of the third step is significantly shorter, resulting in a fast push-recovery of the robot. Therefore, the impact resistance is improved, and the disturbance impact momentum is 35.2 Ns.
The small disturbance during the period is also controlled by feedback, and it also achieves a good compensation. The movement of ZMP during control is shown by the red curve in the footprint of Fig. 9 , which only moves in a small range around p k . By testing the algorithm in one step, the maximum impact in the x direction can withstand 70.56Ns. The maximum y direction can withstand the impact of 58.8Ns, because the mechanical range of motion in the y direction is smaller than the x direction.
Finally, if the disturbance is further increased, the stability requirement may not be met by only one step, and the convex optimization problem won't find a feasible solution. At this time, it is necessary to restore the balance through multiple steps. In the optimization algorithm, it is necessary to reduce the weight coefficient of d x , d y , so that they appears larger than the nominal value. Fig. 11 shows the gait of the third step when the disturbance impulse momentum is 82.32Ns in the forward direction of x. In the third step, the robot has the largest step and brings d > d nom . The increase of d causes the DCM planning to deviate from the set speed in the fourth step (as shown by the red 'o' curve in the fourth step). Therefore, the plan is invalid. In order to make the robot return to the setting more quickly, d nom is still used for DCM planning (not shown in Fig. 11 ) during the fourth step, and feedback control is provided. Due to the control effect, ξ (t) gradually returns to the DCM planning using d nom . The change of ξ (t) brings about the decrease of d by optimization, and the stride distance in the x, y direction is gradually closer to X nom , Y nom . After a few steps, d gradually returns to d nom , and the robot continues to walk as set. ξ (t) and the velocity curves during the period are shown in Fig. 12 . Through several adjustments, the CoM velocity in the x, y direction is also attributed to the target.
C. DISCUSSIONS
Through the above simulation and comparative analysis, the following points can be obtained:
1. Robustness: The proposed method is well matched with the step distance and the step duration, so that the biped can walk robustly, and the anti-disturbing ability is greatly improved compared with the MPC method which only performs stride distance adjustment [10] . In fact, good walking can be achieved without DCM control. Moreover, since the closed loop is cut off during a large disturbance, the robot is free, and the instability caused by the forced movement of ZMP/CoP can be avoided. The closed-loop control with DCM can further compensate for LIPM inaccuracy and numerical integration errors.
2. Computational efficiency: The proposed method performs linear quadratic convex optimization. And only the prediction of the current step is performed. This is much simpler than adjusting the stride time in the multi-step prediction horizon in the MPC [22] , [28] , saving a lot of computing resources. Whether it is an optimization process or a control process, the feedback is only real-time DCM, and the feedback control rate and optimization algorithm can be implemented on any existing platform.
3. Similarity with people: The stride produced by this strategy is likewise a comparative technique to human. It is used to resist disturbance, generate larger motion in a shorter time, inhibit DCM/COM divergence. Finally, the speed is attributed to the nominal by multi-step adjustment.
It is worth noting that, since the main focus of this paper is to test the feasibility of the proposed model predictive control algorithm onto the robot, we verified its robustness on flat ground only. When considering some other much more complicated forms of disturbances, like the uneven plane or walking on the slope, however, there may exist various other factors influencing on the performances of the robot. Those factors could impose a huge burden on the performance analysis of biped robots. Therefore, one aspect of our next-step work is to explore and improve the online antidisturbance performances of the proposed algorithm under complex terrain.
V. CONCLUSION
In this paper we propose a robust gait generation and control method for biped robots. The motion planning of the robot CoM is simplified to the motion planning of DCM, and CoM can track DCM naturally. Combining the feedback control of DCM to compensate for the inaccuracy of LIPM and the numerical integration error, the DCM planning can be applied to the actual robot walking. Then for the push recovery control, QP is applied, and the stride distance, step timing and walking stability factors are used as quadratic objective functions, the physical limits of the robot are written as inequality constraints, and the DCM running rules are used as equality constraints. The step distance and stride time are dynamically adjusted by real-time DCM feedback to achieve the desired DCM offset associated with stability, the gait characteristics are as close as possible to the nominal value. The simulation results show that this method greatly improves the anti-disturbance ability of the biped compared with the DCM feedback control method only. The optimization of step time in the method is linear convex optimization, which solves the nonlinear optimization problem caused by the model predictive control based on CoM motion characteristics to adjust the stride time, and has high computational efficiency.
This study can be regarded as preliminary work for biped robots to enter human life. Our next-step work focuses mainly on the following aspects. First, we are to verify such proposed method on our lab-customized humanoid robot, and then we would like to further extend our method to a three-dimensional space by considering the optimization in z-axis direction. Last but not least, the method could also be extended to uneven ground, within the slope or step environment to mimic the real human living environment to further improve its adaptability. He has coauthored more than 50 articles in technical journals and conferences. His research interests include high-precision detection instrumentation and system control engineering, hydraulic system control and test, and flow field analysis of the hydraulic systems. He is a Fellow of the Shaanxi Association for Science and Technology.
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